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Restoration of power supply following faults is an important responsibility of power system operators. Rapid and accurate fault diagnosis (detection, fault section identification, and type classification) plays a central role in the fulfillment of this responsibility for maintaining continuous and reliable power supply. At the same time, power systems have increased in size and complexity. Both factors increase the risk of major power outages. After a blackout, power needs to be restored as quickly and reliably as possible and, consequently, detailed restoration plans are necessary [1] [2] [3] [4] [5] . Previous research for detecting faults on transmission lines includes methods based on monitoring power frequency quantities such as load and ground current levels and sequence voltages and currents on the source side of the fault location. Some researchers used the noise and harmonics produced by arcing as a fault signature [2, [4] [5] [6] [7] [8] [9] [10] . A transmission line is one of the most important components of power system which connects the generating station with distribution system. The probability of fault occurring on a transmission line is quite large as it is exposed to open environmental conditions. The various types of faults occurring on a transmission line are: single line to ground fault (L-G), double line to ground faults (LL-G), line to line faults (L-L) and triple line to ground faults (3phase). So it becomes a prerequisite for faster detection and clearance of faults and henceforth ensuring security and stability of the system as a whole. The purpose of a protective relays is to clear the fault as quickly as possible, minimize the damage caused due to fault and restore the line quickly. As a result of this it is important to know about the nature of the fault that occurred in the line and its exact location [11] [12] [13] [14] [15] [16] [17] [18] [19] . The purpose of this paper is to remedy this situation by developing an FDS for transmission networks based on ANN methodology. The multilayer feedforward network with the back-propagation (BP) learning algorithm is employed in this work. The proposed FDS is characterized by the following features: (1) high computational efficiency resulting in fast response; (2) use of only local substation measurements without need for additional telemetering; (3) High Impedance faults (HIFs) and Low Impedance faults (LIFs) are identified in a reliable fashion; (4) adaptable for use with a wide range of network topologies; (5) uncomplicated structure for easy implementation; Figure 1 shows the model of ANN [17] . Although the basic concept behind relays remains the same, the digital technology has had a significant influence on the way relays operate and have offered several improvements over traditional electromechanical relays.
The main goal of this paper is to design, develop, test and implement a complete strategy for the fault diagnosis as shown in Figure 2 . Initially, the entire data that is collected is subdivided into two sets namely the training and the testing data sets M N O(P Q R Q + P S R S + P T R T + U)
Figure1: Artificial neural network model . The first step in the process is fault detection. Once we know that a fault has occurred on the transmission line, the next step is to classify the fault into the different categories based on the phases that are faulted. Then, the third step is to pin-point the position of the fault on the transmission line. This paper sets out to propose an integrated method to perform each of these tasks using artificial neural networks. A backpropagation based neural network has been used for the purpose of fault detection and another similar one for the purpose of fault classification. For each of the different kinds of faults, separate neural networks have been employed for the purpose of fault location. Each of these steps has been depicted in the flowchart shown in Figure 2 .
2. TRAINING METHOD 2. TRAINING METHOD 2. TRAINING METHOD 2. TRAINING METHOD Several different training algorithms for ANN are available [18] . All these algorithms use the gradient of the performance function to determine how to adjust the weights to minimize performance. The gradient is determined using a technique called back propagation, which involves performing computations backward through the network. Taking speed and memory allocation into account many algorithms are available for implementing the back propagation method. Levenberg-Marquardt optimization technique is used in the implemented ANN structure [19] [20] . Simulations were carried out for different fault scenarios in order to get various fault patterns. The system model as well as ANN training was performed using MATLAB 7.0. The simulations were carried out for different fault types such as LG, LL, LLG and Three Phase faults. In this first stage which is the fault detection phase, the network takes in six inputs at a time, which are the voltages and currents for all the three phases (scaled with respect to the pre-fault values) for ten different faults and also for no-fault case. The output of the neural network is just a yes or a no (1 or 0) depending on whether or not a fault has been detected. After extensive simulations it was seen that the neural network configuration of 6-10-5-3-1with mean square error value below 0.0001 which is 6.9776e -5 has been chosen as the ideal ANN for the purpose of fault detection. The mean square error performance of the network with configuration (6-10-5-3-1) is shown in Figure 3 .
Fault Classification Once a fault has been detected on the power line, the next step is to identify the type of fault. Fault classifiers based on neural networks have been extensively proposed and used in the past and almost all of these classifiers made use of multilayer perception neural network and employed the backpropagation learning strategy. After all simulations it was seen that the neural network configuration of (6-35-4) , with an overall mean square error of 0.0035986 has been chosen as the ideal ANN for the purpose of fault classification. The mean square error (MSE) performance of the network with configuration (6-35-4) is shown in Figure 4 Since we can detect the occurrence of a fault on a transmission line and also classify the fault into the various fault categories, the next step is to pin-point the location of the fault from either ends of the transmission line. In order to train the neural network, several single phase faults have been simulated on the transmission line model. For each of the three phases, faults have been simulated at every 3km on the300km long transmission line. This marks the end of the training of the neural network for single line to ground faults. In order to test the performance of this network, 100 different single phase faults have been simulated on different phases with the fault distance being increased by 10 km in each case and the percentage error in calculated output has been determined. It is seen that the maximum error is around 1.65 percent which is very satisfactory. It is to be noted that the average error in fault location is just 0.89%. The test phase performance and the mean square error performance of the ANN with configuration (6-7-1) are shown in Figure 5 and Figure 6 respectively. Now that we can detect the occurrence of a fault on a transmission line and also classify the fault into the various fault categories, the next step is to pin-point the location of the fault from either ends of the transmission line. Three possible line -line faults exist (A-B, B-C, C-A), corresponding to each of the three phases (A, B or C) being faulted. In order to test the performance of this network, 100 different phase to phase faults have been simulated on different phases with the fault distance being increased by 10 Km in each case and the percentage error in calculated output has been determined. It can be seen that the best MSE performance of this neural network is 0.002089 which is below the MSE goal of 0.01. It was found that the correlation coefficient between the outputs and the targets was 0.98648 which is a decently good regression fit for this neural network. It also can be seen that the maximum error is around 1.7 percent which is very satisfactory. It is to be noted that the average error in fault location is just 0.97 percent. Hence, this neural network has been chosen as the ideal network for the purpose of lineline fault location on transmission lines. The test phase performance and the mean square error performance of the network with configuration (6-10-5-1) are shown in Figure 7 and Figure 8 respectively. 
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Nigerian The third category of faults is the double line -ground faults. Three possible double line -ground faults exist which are denoted as ABG, BCG and ACG (based on which two of the three phases A, B and C are faulted). In order to test the performance of this network, 100 different double line -ground faults have been simulated on different phases with the fault distance being increased by 10 Km in each case and the percentage error in calculated output has been determined. It can be seen that the maximum error is around 1.71 percent which is very satisfactory. It is to be noted that the average error in fault location is just 0.863 percent. At the end this neural network has been chosen as the ideal network for the purpose of double line -ground fault location on transmission lines. And the best linear regression fit between the outputs and the targets is seen in the last graph. The correlation coefficient in this case is found to be 0.99329 which is very good regression fit. It can be seen that the best MSE performance of this neural network is 0.00159395 which is below the MSE goal of 0.01 (denoted by the black dotted line in the MSE). The test phase performance and the mean square error performance of the network with configuration (6-21-11-1) are shown in Figure 9 and Figure 10 respectively. It is to be noted that the resistance of 20 ohms was used as a part of training data set and hence the average percentage error in fault location in this case is just 0.091 %. The second case illustrates the same with a different fault resistance of 60ohms which is relatively very high and is not a part of the training set. Hence, the performance of the neural network in this case illustrates its ability to generalize and react upon new data. It is to be noted that the average error in this case is just 1.122 % which is still acceptable. Thus the neural networks performance is considered satisfactory and can be used for the purpose of double line -ground fault location. The fourth and the final category of faults are the three phase faults. There exists only one kind of three phase faults which is denoted as ABC fault where in all the three phases A, B and C are faulted. In order to test the performance of this network, 100 different three phase faults have been simulated on the transmission line with the fault distance being incremented by 10 Km in each case and the percentage error in ANN's output has been calculated. It can be seen that the maximum error is around 1.62 percent which is very satisfactory. It is to be noted that the average error in fault location is just 0.677 percent. Hence, this neural network has been chosen as the ideal network for the purpose of three phase fault location on transmission lines. The correlation coefficient (r) as mentioned earlier is a measure of how well the neural network relates the outputs and the targets. The closer the value of r is, to 1, the better the performance of the neural network. The value of r in this case is found to be 0.99897 which is very close to 1. It can be seen that the best MSE performance of this neural network is 0.00060607 (denoted by the dotted green line) which is below the MSE goal of 0.01 (denoted by the black dotted line). The test phase performance and mean square error performance of the network with configuration (6-6-21-16-1) are shown in Figure 11 and Figure 12 respectively. It is to be noted that the resistance of 20 ohms was used as a part of training data set and hence the average percentage error in fault location in this case is just 0.178 %. The second case illustrates the same with a different fault resistance of 60ohms which is relatively very high and is not a part of the training set. Hence, the performance of the neural network in this case illustrates its ability to generalize and react upon new data. It is to be noted that the average error in this case is just 0.836 % which is still acceptable. Thus the neural networks performance is considered satisfactory and can be used for the purpose of three phase fault location 859 859 859 859 It is comprised of four cascaded ANN blocks to perform four specific functions: (i) detection of fault occurrence, (ii) identification of faulted sections, and (iii) classification of faults into types. The multilayer feed-forward network with backpropagation learning algorithm is used for this purpose. In order to test its effectiveness, the proposed FDS has been tested on Apo 132KV transmission line system in Apo transmission substation, Abuja. It was found that the overall success rate of the FDS during training and testing stages was better than 96%. The FDS structure lends itself easily to implementation such that the online diagnosis time is a small fraction of the measurement cycle. Moreover, the FDS has successfully identified faults in transmission lines, which are harder to detect with other schemes. The speed of the FDS will generally depend on the size of the computer processor being used. Real-time testing is the next step to confirm the practical usefulness of the proposed FDS in assisting the operator to initiate restoration procedures.
